Estimating bidders' risk aversion in auctions is challeging because of identification issues. This paper takes advantage of bidding data from two auction designs to nonparametrically identify bidders' utility function within a private value framework. In particular, ascending auction data allow us to recover the latent distribution of private values, while first-price sealed-bid auction data allow us to recover the bidders' utility function. This leads to a nonparametric estimator. An application to the US Forest Service timber auctions is proposed. Estimated utility functions display concavity, which can be captured by a CRRA specification.
Introduction
The concept of risk aversion is at the core of economic agents' decisions under uncertainty.
Since the formalization of risk aversion by Pratt (1964) , a rich theoretical literature has developed models to explain how agents behave in such situations. In auctions, bidders face many uncertainties related to the auction game while auctioned objects may represent an important value relative to their assets. The auction model and the optimal mechanism design with risk averse bidders have been studied by Maskin and Riley (1984) and Matthews (1987) . In particular, first-price sealed-bid auctions dominate ascending auctions within the private value paradigm, while the optimal auction design involves some transfers among bidders. Within the private value paradigm, risk averse bidders tend to shade less their private values relative to the risk neutral case leading to some overbidding. This provides the intuition of the dominance of the first-price sealed-bid mechanism over the ascending one as announcing his private value is still a dominant strategy in the latter. More recently, Eso and White (2004) have introduced the concept of precautionary bidding when bidders face uncertainties about the ex post realizations of their values. In parrallel to this theoretical literature, experimental data have suggested that bidders tend to bid above the Bayesian Nash equilibrium, which can be explained by bidders' risk aversion. Such an approach has been adopted by Cox, Smith and Walker (1988) and Bajari and Hortacsu (2005) among others, while Goere, Holt and Palfrey (2002) also found potential bidders' risk aversion in a quantile response equilibrium.
1 On empirical grounds, few empirical studies have assessed bidders' risk aversion. Athey and Levin (2001) study bidding on species in timber auctions with ex post payments based on actual harvested value. Their empirical analysis suggests that bidding behavior is consistent with risk aversion as bidders tend to diversify risk across species. Potential bidders' risk aversion has also been found in timber auctions by Baldwin (1995) within a reduced form approach and by Perrigne (2003) within a structural approach.
Previous experimental and empirical studies have adopted a parametric approach, while specifying a known form of risk aversion for the bidders' utility functions such as constant relative risk aversion (CRRA) or constant absolute risk aversion (CARA) ones.
Both families of utility functions provide simple functional forms, while a CRRA specification encompasses the case of risk neutrality.
2 As a matter of fact, little is known on the shape of bidders' utility functions. The choice of a family of utility functions may affect the estimated results and have misleading implications on bidders' behavior. Moreover, there is no general agreement in the theoretical literature on which concept of risk aversion is the most appropriate to explain observed phenomena such as overbidding in auctions. See Gollier (2001) for a survey on risk aversion. A nonparametric approach that leaves unspecified such a utility function will shed some lights on agents' economic behavior facing risk. A parametric specification of the utility function has been justified so far by the difficulties of identifying such a function in auction models. Campo, Guerre, 1 Relying on recent structural econometric methods, Bajari and Hortacsu (2005) estimate several models to explain experimental data and find that risk aversion provides the best fit. 2 In the case of auctions, the Bayesian Nash equilibrium strategy has a closed form solution for a CRRA specification of the bidders' utility function within the independent private value paradigm. This is not the case for a CARA specification. These can explain the popularity of the CRRA utility function in the auction literature. show that the auction model with risk averse bidders is semiparametrically identified within the private value paradigm. A parametric specification of the utility function is a necessary identifying restriction in addition to a conditional quantile restriction on the bidders' private value distribution, which is left unspecified.
Campo (2005) obtains a semiparametric identification of the auction model with heterogeneous bidders, while maintening a parametric specification for bidders' utility function.
More recently, Guerre, Perrigne and Vuong (2005) exploit some exclusion restrictions such as an exogenous bidders' participation leading to a latent distribution of private values independent of the number of bidders to identify nonparametrically the bidders' utility function. They extend their results to an endogenous bidders' participation with the availability of instruments that do not affect the bidders' private value distribution.
Their identification result leads to the construction of an infinite series of differences in quantiles. The resulting estimator can be quite burdensome to implement.
In this paper, we choose a fully nonparametric approach while exploiting additional bidding data. This approach is intuitive and the resulting estimator is straightforward to implement. The US Forest Service (USFS) uses both ascending and sealed-bid auctions to sell its standing timber. To our knowledge, two other papers by Hansen (1985) and Athey, Levin and Seira (2004) exploit the two auction design data for different purposes. The former attempts to test the revenue equivalence theorem, while the latter studies the entry and bidding patterns in both ascending and sealed-bid auctions with asymmetric bidders to explain the choice of the auction mechanism. We show that the data from these two auction designs can be used to identify nonparametrically the bidders' utility function.
The intuition is as follows. Since the bidding strategy in ascending auctions is not affected by risk aversion, the observed winning bids in ascending auctions identify the underlying private value distribution using the distribution of order statistics as shown by Athey and Haile (2002) . Following Guerre, Perrigne and Vuong (2000) , we use the monotonicity of the bidding strategy relating the bid to the private value to rewrite the differential equation defining the equilibrium strategy as a function of the bid distribution and density.
The derived equation allows us to identify nonparametrically the utility function when the private value distribution is known. We then derive a multistep nonparametric estimation procedure relying on conditional quantiles. We can then assess whether the widely used CRRA or CARA specifications adjust the recovered utility function. On empirical grounds, we need to pay special attention to the data. In particular, the same bidders need to participate to both auctions. If not the case, we may face different underlying private value distributions, which would invalidate our approach. Moreover, data show that ascending auctions tend to be chosen over first-price sealed-bid auctions for tracts with a large timber volume giving rise to some sample selection. Consequently, the choice of the auction characteristics upon which our empirical study is conducted and the range of their values need to be carefully chosen. The empirical results show that the model is not rejected by the data. Estimated utility functions are increasing and display some concavity. Though we cannot find a perfect adjustment, a CRRA specification captures reasonably well bidders' behavior.
The paper is organized as follows. A second section is devoted to the auction model, its nonparametric identification and estimation. A third section introduces the bidding data and addresses the issues raised previously, while a fourth section presents the empirical results. A fifth section concludes.
Auction Models, Identification and Estimation
This section briefly presents the ascending and first-price sealed-bid auction models with risk averse bidders within a private value framework. The identification of the model structure is addressed using bidding data from these two auction designs. The bidders' utility function is nonparametrically identified. This naturally leads to a nonparametric estimator.
The Ascending and First-Price Sealed-Bid Auctions
A single and indivisible object is sold through an auction to a number N of bidders.
We consider the private value paradigm where every bidder has a private value v i for the auctioned object. The private values v i , i =, . . . , I are drawn independently from a distribution F (·), which is known to all bidders. This distribution is defined on a compact support [v, v] with a density f (·). We assume that every bidder is potentially risk averse with a von Neuman Morgensten utility function U (·) satisfying U (·) > 0, U (·) ≤ 0 and U (0) = 0. The bidders are symmetric in the sense that they share the same private value distribution F (·) and the same utility function U (·).
3 Hereafter, b i denotes bidder's i bid.
For simplicity, we consider an auction with a nonbinding reserve price. The ascending auction model takes a rather simple form. Whatever the level and the shape of risk aversion, it is a dominant strategy for each bidder to bid his private value v i , namely b i = v i since he will pay the second-highest bid when he wins the auction. Thus risk aversion does not affect bidding behavior.
In the case of a first-price sealed-bid auction, the outcome is different as bidders tend to overbid relative to the risk neutral case. In a first-price sealed-bid auction, bidder i maximizes his expected gain from the auction, namely
where v i − b i expresses the monetary gain. Let s(·, U, F, I) be the strictly increasing symmetric Bayesian Nash equilibrium strategy with s −1 (·) denoting its inverse. Because of independence, the probability of winning the auction is then equal to F I−1 (s −1 (·)).
Maximizing the expected gain for bidder i with respect to his bid b i and imposing
gives the following differential equation
3 We can extend our model while incorporating a common wealth w ≥ 0. Considering individual wealth w i will lead to an asymmetric game if the w i s are exante known to all bidders or to a multisignal game if the w i s are private information. The first case would require additional data on bidders' wealth, while the second case would lead to a complex model beyond the scope of this paper. 
Nonparametric Identification of Bidders' Utility Function
Before addressing the problem of identification, it is useful to define the observables.
We assume that two auction designs are used to sell similar objects and that bidders participate to both auctions. We will later introduce a vector of characteristics to entertain the case of different products. The L 1 ascending auctions indexed by provide the winning When I = 3, the observed winning bids are the private values for the second-highest bidders or the second-order statistics. Using the distribution of nth order statistics, the distribution of private values can be recovered using
4 As usual, this differential equation is subject to a singularity problem at the lower bound. As shown by Maskin and Riley (1984) , the boundary condition is U (v − s(v)) = 0, i.e. s(v) = v since U (0) = 0. 5 This result implicitly assumes that the number of bidders I is known, while only the winners' bid is observed. The USFS timber auction data provides information on the number of bidders.
with n = I − 1 since the highest bid is equal to the I − 1th order statistics. For n = 1 and Using this information, we can now address the problem of identification of the function U (·) using first-price sealed-bid auction data. Using a similar argument as in Guerre,
Perrigne and Vuong (2000), we use the distribution of equilibrium bids G(·) to reformulate
After elementary algebra and since λ(·) is strictly increasing, we obtain
where λ −1 (·) denotes the inverse of λ(·). Since the private value distribution and the bid distribution are known, the function λ(·) is identified. The next proposition shows that U (·) is nonparametrically identified. 
can be written as
.
Moreover, the function U (·) can be identified up to scale since
Proposition 1 tells us that, since F (·) is identified from the ascending auction bid data, the first-price sealed-bid data allow us to identify nonparametrically the utility function
6 Note that U (·) can be identified up to scale. Since the scale is irrelevant, we can impose without loss of generality a normalization such as U (1) = 1. 7 Note that our results can be generalized to the case of an announced reserve price. In this case, only bidders who have a private value above the reserve price p 0 will bid. Thus, the number of potential bidders I is unknown. Using an argument as in Guerre, Perrigne and Vuong (2000) , I is identified. Using an estimate for the number of bidders I, the ascending auction data will allow us to recover the truncated distribution of private values. Equation (3) would need to be adapted since the observed bids in the first-price sealed-bid auction are also distributed following a truncated distribution. It can be easily shown that the argument of the inverse Bidders' asymmetry can be easily entertained. We assume that bidders' identity is known and that bidders' asymmetry is known ex ante to all bidders. Asymmetry may 6 There are some natural restrictions on the set of identifiable U (·) functions and F (·) distributions.
See Definitions 1 and 2 in Campo, Guerre, Perrigne and Vuong (2005) . (2005) and Brendstrup and Paarsch (2005) show that the distributions [F 1 , . . . , F I ] are identified using the distributions of order statistics. Bidding in first-price sealed-bid auctions takes a more complex form leading to a possibly inefficient allocation. In particular, following Campo, Perrigne and Vuong (2003) and Flambard and Perrigne (2005) , (3) becomes
, where quantiles can be used to identify λ i (·). 8 Asymmetry in both private values and preferences can also be entertained despite its complexity. The structure of the game becomes
. Similar arguments can be used to extend Proposition 1.
Nonparametric Estimation
We now consider the case where auctioned objects are heterogeneous. Namely, each
assume that the analyst shares the same information as bidders, i.e. there is no unobserved heterogeneity. The number of bidders may also differ across auctions and 8 As noted in Campo, Guerre, Perrigne and Vuong (2005, Section 7. 3), such a model leads to some compatibility conditions under the form The estimation procedure is in several steps. In a first step, the ascending auction data are used to estimate nonparametrically the conditional distribution of private values.
In a second step, using the estimated conditional private value distribution, the first-price sealed-bid data are used to estimate nonparametrically the function λ(·) from which the function U (·) can be estimated. A third step may consist in using the estimated function λ(·) to assess the adjustment with a parametric function of the form λ(·; θ) derived from a CRRA or CARA model using a standard nonlinear least squares estimator.
Since the identification result for the latent private value distribution relies on order statistics, the first step of the estimation procedure needs to be conducted for every possible value I. In particular, F (v|z, I) is defined as the solution of
for any value (z, I), where F (I−1) (·|z, I) is the conditional distribution of the (I − 1)th order stastistic of observed winning bids. In particular, for I = 2, we have can be estimated using a standard nonparametric kernel estimator. In particular,
for an arbitrary value (v, z, I) , where K(·) is a kernel function and h F a vanishing bandwidth. The kernel function can be chosen satisfying standard assumptions. In the following section, we will consider a triweight kernel of the form
. The bandwidth needs particular attention. If we assume that F (·|·, ·) is R + 1 continuously differentiable, the bandwidth needs to be chosen with the following vanishing rate,
. Note that this bandwidth corresponds to the optimal uniform consistency rate as defined by Stone (1982) . In particular, for R = 2, the conditional density f (·|·) can be estimated at the optimal rate L 2/(5+d) 1I
. We attain the optimal consistency rate since we estimate the latent private value distribution directly from observables and not from recovered (estimated) private values as in Guerre, Perrigne and Vuong (2000) , where the consistency rate is lower. As discussed previously, comparing the estimated distributionsF (·|·, ·) for different values of the number of bidders such as I = 2, 3, 4, . . ., if data permit, would allow us in principle to test their equality across I. If such distributions are equal, we could then consider that the number of bidders is exogenous.
The second step makes use of the first-price sealed-bid auction data. The idea is to recover the function λ(·) using (3). To do so, we need first to estimate the conditional bid distribution and density. Since bids depend on the number of bidders through the equilibrium strategy, it is expected that the bid distribution also depends on the number of bidders. Thus, we consider the conditional distribution G(b|z, I) and density g(b|z, I)
for any arbitrary value (b, z, I) . The number of auctions corresponding to the number of bidders I is denoted L 2I . Using kernel estimators, we obtain
where K(·) is a kernel function and h G and h g are two vanishing bandwidths. As usual, special attention should be given to the bandwidths. As shown by Campo, Guerre, Perrigne and Vuong (2005) , the smoothness of the underlying distribution implies some smoothness conditions on the bid distribution. We maintain the assumptions of Campo, Guerre, Perrigne and Vuong (2005) , namely F (·|·) and λ(·) are both R + 1 continuously differentiable leading to a R + 1 continuously differentiable equilibrium strategy s(·).
Consequently, G(·|·) is R + 1 continuously differentiable and the model implies that g(·|·)
is also R + 1 continuously differentiable. 9 The bandwidths need to be chosen accordingly,
leading to optimal consistency rates for estimating G(·|·, I) and g(·|·, I) following Stone (1982) .
To recover the function λ(·), we use the quantiles of the distribution F (·|·, I) and
G(·|·, I
). Consider a value α ∈ (0, 1). The estimated bid and private value distributions allow us to estimate the corresponding α-quantilesb (α, z, I) andv(α, z, I), namelŷ G(b(α, z, I) |z, I) = α andF (v(α, z, I)|z, I) = α for an arbitraty value (z, I) using the previous nonparametric estimators given in (6), (7) and (8). This estimation strategy follows Bhattacharya and Gangopadhyay (1990) and Chaudhuri (1991) . In particular, since the quantiles are estimated from observed private values and bids, we can use the asymptotic results shown by Bhattacharya and Gangopadhyay (1990) and Chaudhuri (1991) , namely the corresponding quantiles are estimated at the standard optimal consistency rates, i.e.
for R = 2, L 2/(5+d) 1I
and (IL 2I ) 3/(7+d) , respectively. It remains to estimate λ(·). Using (3) and (8), we obtain
for any value α ∈ (0, 1) and any arbitrary value (z, I). The idea will be to replicate this procedure for a large number of values α ∈ (0, 1). This will give a large number of pairs I|z, I) ), which will trace out the function λ(·).
The function λ(·) can then be estimated by smoothing the scatter plot of these pairs.
This procedure, which is very intuitive, is relatively easy to implement. Given the above consistency rates for estimating g(·|·) and the quantiles b(α) and
The previous estimated distributions and functions can be used to test the validity of the model. Based on (3), a first prediction of the model is that the private value must be larger than the corresponding bid since λ(·) is an increasing function defined on an independence is a natural restriction. Since we have adopted a fully nonparametric approach, such an information will be revealed by the data.
As mentioned previously, a third step may consist in using the estimated function As a matter of fact, this NLLS estimator can be considered as a semiparametric estimator since the the dependent variable is estimated nonparametrically. See Powell (1994) for semiparametric estimation and Battacharya and Gangopadhyay (1990) and Chaudhuri (1991) for the nonparametric estimation of conditional quantiles.
Timber Data
As is well known, the US Forest Service (USFS) is selling standing timber from publicly owned forests through both first-price sealed-bid auctions and ascending auctions. Though both auction designs can be found, the USFS is using more frequently ascending auctions despite recommendations by the Congress in 1976 to adopt first-price sealed-bid auctions.
With the exception of Hansen (1985) and Athey, Levin and Seira (2004) , the abundant previous empirical literature on USFS timber auctions has used data from a single auction design exclusively while addressing important economic issues. Adopting a private value framework, Baldwin, Marshall and Richard (1997) study collusion in ascending auctions while Haile (2001) analyzes the bidding behavior when bidders consider potential resale opportunities after the auction. Athey and Levin (2001) study the practice of skewed bidding when bidders bid on species and when payments are based on actual harvested value. The data analysis conducted in Athey and Levin (2001) suggests that bidders are risk averse as their bidding behavior seems consistent with a diversification of risk among species. Potential bidders' risk aversion has been also found by Baldwin (1995) using a reduced form approach. Because our objective is to focus on the empirical assessment of potential bidders' risk aversion, such issues as collusion and resale markets among others are left aside. Campo, Guerre, Perrigne and Vuong (2002) show the complexity of estimating risk aversion when only first-price sealed-bid auction data are available.
Under a parametric specification of the bidders' utility function and a conditional quantile restriction that are both needed to identify bidders' risk aversion, their empirical results show significant risk aversion in USFS auctions.
We use data from the states covering the western half of the US, which includes regions 1 to 6 as labelled by the USFS. A large part of forestry in these regions is publicly owned and represents an important supply of timber in the country. We focus on the auctions organized during 1979, during which 1,796 ascending auctions and 598 first-price sealedbid auctions were held. 11 Our study focuses on the 1,411 ascending auctions and the 378 sealed-bid auctions in which at least two bidders participated. 12 Note that this large number of auctions is especially attractive when considering nonparametric estimators.
Since we consider a general specification for the utility function, we are interested in the total bids for every tract, i.e. the average bid per unit of volume measured in thousand board feet or mbf multiplied by the estimated volume across all the species composing the tract. The USFS provides detailed information on the estimated volume of timber, the number of acres of the parcel, an appraisal value of the timber, the region where the auction took place, the season during which the auction was held, the exact location of the timber parcel, the term of the contract, the logging costs as well as other costs such as road construction costs, the number of bidders who have submitted a bid as well as their bids in dollars and their identity. An unusual characteristic of these auctions is that the number of bidders is recorded for ascending auctions since firms need to submit a qualifying bid prior to the auction. The appraisal value of timber is computed by the USFS taking 11 For the purpose of comparison with the results obtained by Campo, Guerre, Perrigne and Vuong (2005) using a semiparametric approach, we use the same year and regions as in that paper.
12 A total of 175 auctions did not receive any bid, while 430 auctions received a single bid.
into account the heterogeneity of timber quality within each parcel. This information is especially useful to the analyst as it provides a good measure of heterogeneity across auctioned objects. The USFS announces a reserve price at the beginning of the auction. It is well accepted among economists that this reserve price does not act as a screening device as it is set too low. Using the first-price sealed-bid auction data, we have computed the conditional probability that a bid is in the neighborhood of the reserve price, results suggest that the reserve price does not truncate the bid distribution. 13 We can then consider that the reserve price is nonbinding as a reasonable approximation. 14 Table 1 gives some basic statistics on some key variables. The bids, winning bids and appraisal values are given in 13 Specifically, we have estimated nonparametrically the probability Pr(p 0 ≤ b ≤ (1 + δ)p 0 |Z), where p 0 is the reserve price, Z is the appraisal value and δ an arbitrary value larger than 0. For an average appraisal value, we find that this probability is equal to 1.4% for δ = 0.05 and 4.5% for δ = 0.10 suggesting that the truncation on the bid distribution due to the reserve price is minor. See also Haile (2001) who provides several arguments in favor of nonbinding reserve prices. 14 The relatively large number of auctions which did not receive any bid might suggest the opposite. A further analysis of the number of participants shows that some exogenous characteristics explain bidders' participation.
dollars, while the volume is given in mbf.
We note some important differences in the tract characteristics between the ascending and sealed-bid auctions. The volume of timber is on average three times larger in ascending auctions than in sealed-bid auctions though displaying less variability in ascending auctions than in sealed-bid auctions as measured by the coefficient of variation.
Consequently, the mean for the total appraisal value is quite different between the two auction formats. This difference is not only due to a difference in volume of timber. When computing the mean for the appraisal value per unit of volume, we find it equal to 89.34
in ascending auctions and to 57.23 in sealed-bid auctions suggesting that the quality of timber is better in tracts sold through ascending than sealed-bid auctions. This difference can also be explained by a larger density of timber per acre in tracts sold through ascending auctions than in tracts sold through first-price sealed-bid auctions, 15.96 and 7.26, respectively. As a matter of fact, parcels are almost of the same size on average between the two auctions. To summarize, the parcels sold through ascending auctions involve on average a higher volume of timber, a better quality of timber and a higher density of timber than parcels sold through first-price sealed-bid auctions for a similar area. As expected, the winning bids reflect these differences. 16 We also note that ascending auctions tend to attract on average more bidders than sealed-bid auctions, 5.35 and 3.72, respectively. This suggests that the number of bidders is a function of the lot characteristics.
It is interesting to investigate further these two issues, namely the choice of the auction format and the number of participants as both depending on lot characteristics.
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15 The highest bid is recorded by the USFS for every bidder in ascending auctions. Since the format used in ascending auctions is quite different in general from the theoretical model of ascending auctions, we consider only the winning bid in the ascending auctions as only the winning bid can be considered as relevant and can be approximated by the theoretical auction model. Such an assumption has been made in other empirical studies involving ascending auction data.
16 Table 1 reports only the main variables. Table 2 will further show that appraisal value, volume and density explain more than 90% of the variability in the winning bids through a linear regression.
A simple probit model assessing the impact of some exogenous variables on the probability to choose an ascending auction over a sealed-bid auction confirms that the volume plays an important role with a highly significant coefficient, while the coefficient for the density of timber is also significant to a much less extent. The coefficient for the appraisal value measured by unit of volume of timber is insignificant. The results also show that some regions are more likely to adopt ascending auctions than sealed-bid auctions such as regions 2, 3 and 6.
18 Other variables such as the quarter dummies during which auctions were held do not provide significant coefficients. The pseudo R 2 is equal to 0.87, showing a respectable adjustment.
We also estimate a regression model to assess the factors explaining the number of participants including the auctions with no bidder and one bidder. This gives a total of 1,796 ascending auctions and 598 sealed-bid auctions. We consider a wide range of variables such as the appraisal value per mbf, the total volume, the timber density, region and season dummies as well as a dummy for ascending auction when data from both auction formats are combined. We do not include the reserve price in this regression model since it is highly correlated with the appraisal value with a coefficient of correlation equal for sealed-bid auctions. These results suggest some unobserved heterogeneity explaining the number of participants. An interesting feature of this regression when pooling all the data is that the dummy for the auction format is insignificant while controlling for other exogenous factors. This suggests that there is a priori no self-selection of bidders in 18 We do not observe any sealed-bid auction in Region 2.
the sense that the auction format does not affect the decision of a bidder to participate.
This issue is crucial to our problem since we use the ascending auction bidding data to estimate the latent density of bidders' private value. Because of the importance of this issue, we have also used information on bidders' identity given by the data. In every region except Region 2 (see footnote 18), we have tracked independently over the two auction samples twenty companies according to their high participation frequency.
We have then compared for every region these two lists each containing the identity of twenty firms. We find an important intersection in the sense that very few of these firms participate exclusively to ascending or sealed-bid auctions. Consequently, we can consider as a reasonable approximation that, despite ascending auctions tend to attract more bidders than sealed-bid auctions, the set of bidders is similar across the two auction formats and that bidders' decision participation seems to be independent of the auction format but rather influenced by the tract (observed and unobserved) characteristics.
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While considering auctions with more than 2 bidders, Table 2 provides the results of the regression of the logarithm of the total winning bids on the logarithm of the appraisal value per mbf, the logarithm of the total volume, the logarithm of the density and the logarithm of the number of bidders. 20 The estimated coefficients can be interpreted as elasticities. They do not vary much across the two auction formats except for the appraisal value, namely a 1% increase in the appraisal value increases the winning bid by 0.53% in ascending auctions and by 0.43% only in sealed-bid auctions everything else being equal.
The elasticity with respect to density is insignificant in both auctions. Winning bids are quite sensitive to a variation in competition. 21 A Chow test weakly rejects the equality of the slope coefficients. Bote that the fact that the winning bids are roughly explained by the same variables with similar coefficient magnitudes across the two auction designs suggests that the set of participants is not different. On the other hand, the constant differs significantly across the two regressions. As discussed previously, the number of participants could capture some unobserved heterogeneity across tracts. The relatively large R 2 in Table 2 suggests that the heterogeneity across auctioned tracts is quite well captured with the appraisal value, the volume and the number of bidders. The estimation in the following section is performed while conditioning on the appraisal value, the volume and the number of participants. The summary statistics in Table 1 suggest some sample selection as parcels with a larger volume of timber are sold through ascending auctions. We perform a sample selection correction following Heckman selection model in two steps. In a first step, we estimate a probit with the dependent variable equal to one for sealed-bid. We find that lots with higher volume, density and appraisal value are less likely to be sold through ascending auctions. The regression of the logarithm of the winning bids for sealed-bid sharply decreases when the number of bidders increases. As a matter of fact, auction theory predicts that bids increase in the number of bidders within the independent private value paradigm. Such a result still holds with risk aversion. With affiliated private values, bids may decrease with the number of bidders.
See Pinkse and Tan (2005) . Thus our results would favor the independence of private values.
auctions with sample selection are given in Table 3 . The coefficient for sample selection is significant at 10% only with a p-value equal to 0.08. As such, special attention will be needed in the choice of the values for the conditional variables when performing the nonparametric estimation of the model. It is interesting to make a parallel with the results obtained by Athey, Levin and Seira (2004) who use ascending and sealed-bid sales in two forests in Northern region and in California over [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] . Their empirical analysis of the data shows that the ascending auction format is more likely to be chosen for larger volumes as in our data set. However, the number of participants across the two auctions does not vary as much as in our data set. They collected additional data on the participating firms, on whether they are loggers or mills, mills having manufacturing capacity and consequently considered as large bidders. When taking into account this asymmetry across firms, mills are more likely to participate to ascending auctions while loggers are more likely to participate to sealed-bid auctions. Their paper exploits this bidders' heterogeneity to model endogenous bidders' participation and to rationalize the fact that sealed bidding favors small bidders or loggers in both entry and allocation, while generating more revenue. We did not collect such data on bidders though our identification result could allow for bidders' heterogeneity. We find in our data set, which encompasses more regions over a single year, that in every region the most active firms are participating to both auctions.
The first step of our estimator consists in estimating the conditional distribution of private values F (·|·). We need first to discuss the choice of the vector of characteristics Z. The results in Table 2 Because of the use of nonparametric methods, the estimation results are mainly presented through graphs. The two-dimension vector of characteristics makes difficult any graphical representation of distributions and densities. For this reason, we need to perform our analysis for a given pair of values for Z. Besides the graphical convenience, the range of values for volume is quite different for ascending and sealed-bid auctions with a mean almost three times larger for ascending auctions than for sealed-bid auctions, while the appraisal value is on average about 50% more for ascending than for sealed-bid auctions.
Thus we need to find some values of Z around which we observe enough observations for both auctions. For this purpose, we present the scatter plots of volume versus appraisal value for both auction data for I = 2 and I = 3 in Figures 1 and 2 By doing so, we obtain estimates for the conditional distributions while solving for the problem of different ranges of values for the conditioning variables.
We estimate nonparametrically the distribution F (·|z, I = 2) and F (·|z, I = 3) with z = (z 1 , z 2 ) = (445.00, 43.65). Their estimates are displayed on Figure 3 . There is a slight difference between these functions. As a matter of fact, the display of distributions is not much informative as all distributions tend to look alike. Using the distributions of order statisics, we can also estimate the density. In particular, for I = 2 f 1,2 (v|z, 2) = 2f (v|z, 2)(1 − F (v|z, 2)). We can estimate nonparametrically f 1,2 (v|z, N) using a kernel estimator as in (8). Thusf (·|z, 2) =f 1,2 (·|z, 2)/[2(1 −F (·|z, 2))], whereF (·|z, N) denotes the estimate of the distribution obtained in the first step of our estimation procedure, however, that the displayed scatter plots form a shape, which could reasonably go to zero at zero. Using the estimated λ(·), we can recover the function U (·), whose shape is more informative since its concavity would indicate bidders' risk aversion. Figures 9 and 10 display such utility functions as well as the CRRA and CARA utility functions obtained 22 To simplify the notations, we omit that these quantiles are conditional on (z, I).
23 The graphs are available upon request to the authors.
with the parameters estimated from a NLLS estimator for I = 2 and I = 3, respectively.
Because the scale is irrelevant, we have normalized the utility function to be in the interval [0, 1] . The displayed utility functions are increasing and concave indicating risk aversion.
When applying the NLLS estimator, we obtainĉ = 0.419 for a CRRA specification and a = 0.00006 for a CARA specification when I = 2, while the sum of absolute error terms is equal to 1.32 for a CRRA specification and 3.27 for a CARA specification. Figures 7 and 9 suggest that the CRRA specification provides a better fit as confirmed by the sum of absolute error terms. For values below 10,000, both specifications do not well capture the nonparametrically estimated U (·) function. Such an imperfection might be due to some boundary effects. For I = 3, we obtainĉ = 0.532 and a sum of abolute error terms equal to 3.44 for a CRRA specification andâ = 0.0001 and a sum of obsolute error terms equal to 7.48 a CARA specification. We note that the values for risk aversion parameters do not vary much from the case I = 2. As for I = 2, a CRRA specification provides a better fit overall while we observe the same boundary effect for values below 7,500. In particular, the estimated CRRA utility function is somewhat above the nonparametrically estimated utility function, while the CARA utility function tends to give larger values of utility. The adjustment is better for I = 2 than for I = 2. When comparing the estimated utility functions for I = 2 and I = 3, we observe that they are almost identical for values larger than 8,000, while the utility function for I = 3 is slightly above the one for N = 2 for values below 8,000.
We have performed our empirical analysis for different values of conditioning variables.
In view of Figures 1 and 2 , we choose arbitrarly the volume to be equal to 250, while keeping the same value for appraisal value. We obtain again stochastic dominance of the bid distribution over the estimated private value distributions for both I = 2 and I = 3.
Figures 11 and 12 display the corresponding utility functions as well as their estimated counterparts for a CRRA and CARA specifications. For I = 2, we obtain for a CRRA modelĉ = 0.336 and a sum of absolute error terms equal to 1.22. The results for a CARA specification giveâ = 0.00005 and a sum of absolute error terms equal to 3.14. For I = 3, we obtain for a CRRA modelĉ = 0.42 and a sum of absolute error terms equal to 3.60.
The results for a CARA specification giveâ = 0.0001 with a sum of absolute error terms equal to 5.85. We remark that the results are quite stable when considering another value for volume suggesting that the utility function does not depend on Z. It seems that a CRRA specification provides again a better adjustment than a CARA specification.
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To summarize, we obtain increasing utility functions, which display some concavity that a CRRA specification captures reasonably well and an constant relative risk aversion in the 0.4 range. This exercise has allowed us to estimate nonparametrically the bidders' utility function while imposing a minimum of restrictions. In this respect, it is interesting to compare our results with those obtained by Campo, Guerre, Perrigne and Vuong (2005) using the sealed-bid auction data only and relying on a semiparametric identification result requiring a parametric specification for the utility function and a conditional quantile restriction. In particular, the quantile is chosen to be the upper bound in view of their optimal consistency rate for estimating the risk aversion parameter. Their results have been obtained while (i) conditioning on the total appraisal value instead of the volume and appraisal value per mbf in our case and (ii) pooling the data across the different number of bidders. The CRRA coefficient is in the range of 0.3, while the CARA coefficient takes a very low value below 0.0002. Their estimated values seem to underestimate somewhat risk aversion when compared with our results.
Conclusion
The paper shows how to identify nonparametrically the bidders' utility function when bidding data from both ascending and first-price sealed-bid auction formats are available to the analyst. The utility function, which is at the core of decisions under uncertainty has not been estimated nonparametrically so far on data. As a matter of fact, little is known in practice on how agents evaluate their gain when facing uncertainties. Relying on bidding data from the timber sales at the US Forest Service, our empirical results show that the recovered utility function is increasing while displaying some concavity. A CRRA specification captures reasonably well such a function though the match is not perfect.
Our identifying strategy exploits data from two auction formats, which can be quite restrictive as institutions use in general a single auction design. Guerre, Perrigne and Vuong (2005) exploit some exclusion restrictions such as the independence of the private value distribution from the number of bidders to nonparametrically identify the utility function. Their identification result requires the construction of a series of differences in quantiles, which are serially correlated. This feature greatly complicates the asymptotic properties of such an estimator though its implementation on data could be performed.
It would then be interesting to compare our results to those obtained using such a result.
Such empirical comparisons would allow us to assess the relevance of various restrictions used to identify the bidders' utility function.
